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Abstract. The growing importance of university rankings in higher education requires evaluation methods that are both predictive and interpretable.
Traditional ranking approaches are usually based on fixed weighted indicators, while purely data-driven machine learning models often provide
limited transparency for institutional decision-making. This paper proposes a hybrid analytical-machine learning framework for evaluating
and forecasting university rankings using multidimensional performance indicators. The framework combines an interpretable weighted aggregation
model, an XGBoost-based residual correction mechanism, an LSTM forecasting module, and SHAP-based explainability analysis. The empirical dataset
was constructed as a university-year panel covering 20 Kazakhstani universities over the 2019-2024 period, resulting in 120 observations. The input
indicators included publication output, citation impact, h-index, international collaboration, and research funding. The models were evaluated using
a temporal validation protocol, with 2019-2022 used for training, 2023 for validation, and 2024 as the independent test subset. The results show that
the hybrid model reduced RMSE from 0.185 to 0.092 compared with the analytical model and from 0.124 to 0.092 compared with the standalone XGBoost
model. Similar improvements were observed for MAE, MAPE, and ranking error. However, the remaining deviations indicate that the model should be
interpreted as reducing, rather than eliminating, prediction uncertainty. SHAP analysis showed that citation impact and publication output had the widest
feature-contribution distributions, while all indicators demonstrated both positive and negative effects depending on the observation. The proposed
framework can support institutional analytics by combining ranking evaluation, forecasting, and interpretable identification of key performance drivers.
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HYBRYDOWY MODEL UCZENIA MASZYNOWEGO DO PROGNOZOWANIA
I OCENY RANKINGOW UNIWERSYTETOW

Streszczenie. Rosngce znaczenie rankingow uczelni wyzszych w szkolnictwie wyzszym wymaga zastosowania metod oceny, ktore sq zaréwno predykcyjne,
jak i zrozumiate. Tradycyjne podejscia do tworzenia rankingdw opierajq si¢ zazwyczaj na stalych, wazonych wskaznikach, podczas gdy modele uczenia
maszynowego oparte wylgcznie na danych czesto zapewniajq ograniczong przejrzystos¢ w procesie podejmowania decyzji przez instytucje. W niniejszym
artykule zaproponowano hybrydowq strukture lgczqcq analize z uczeniem maszynowym, stuzqcq do oceny i prognozowania rankingow uniwersytetow
przy uzyciu wielowymiarowych wskaznikow wydajnosci. Struktura ta lgczy interpretowalny model agregacji wazonej, mechanizm korekcji reszt oparty
na XGBoost, modut prognozowania LSTM oraz analize wyjasnialnosci opartq na SHAP. Zbior danych empirycznych zostat skonstruowany jako panel
roczno-uczelniany obejmujgcy 20 kazachstarnskich uczelni w latach 2019-2024, co dato 120 obserwacji. Wskazniki wejsciowe obejmowaly liczbe
publikacji, wplyw cytowan, indeks h, wspdtprace migdzynarodowg oraz finansowanie badai naukowych. Modele oceniono przy uzyciu protokotu walidacji
czasowej, w ramach ktorego lata 2019-2022 wykorzystano do szkolenia, rok 2023 do walidacji, a rok 2024 jako niezalezny podzbior testowy. Wyniki
pokazujg, Ze model hybrydowy zmniejszyt wskaznik RMSE z 0,185 do 0,092 w porownaniu z modelem analitycznym oraz z 0,124 do 0,092 w porownaniu
z samodzielnym modelem XGBoost. Podobng poprawe zaobserwowano w przypadku wskaznikow MAE, MAPE oraz bledu rankingowego. Pozostale
odchylenia wskazujq jednak, ze model ten nalezy interpretowac jako zmniejszajgcy, a nie eliminujqcy niepewnos¢ prognoz. Analiza SHAP wykazata,
ze wplyw cytowan i liczba publikacji charakteryzowaly sie najszerszym rozktadem wktadu cech, podczas gdy wszystkie wskazniki wykazywaly zaréwno
pozytywny, jak i negatywny wplyw w zaleznosci od obserwacji. Proponowana struktura moze wspierac¢ analize instytucjonalng poprzez polgczenie oceny
rankingowej, prognozowania oraz interpretowalnej identyfikacji kluczowych czynnikow wptywajqcych na wyniki.

Stowa kluczowe: ranking uniwersytetow, hybrydowe uczenie maszynowe, modelowanie analityczne, prognozowanie, system wspomagania decyzji, istotnos¢ cech

Introduction

The growing international competition among higher
education institutions has increased the importance of university
rankings as indicators of academic performance, research impact,
institutional reputation, and global visibility [3, 9]. International
ranking systems such as QS, Times Higher Education (THE),
and the Academic Ranking of World Universities (ARWU)
influence institutional strategies, funding allocation, international
student recruitment, and the public perception of universities
[4, 13]. As a result, higher education institutions are increasingly
interested not only in monitoring their current ranking
performance, but also in forecasting future ranking changes
and identifying the key factors that determine university
performance [18, 20].

The current ranking methods, although widely used,
are mainly based on fixed analytical frameworks relying
on predetermined weighted indicators, including publication
output, citation impact, academic reputation, international
collaboration, and other institutional performance measures
[16, 17]. Although such models are transparent and interpretable,
they have several limitations. In particular, they do not sufficiently
represent nonlinear relationships between indicators, are weakly
adapted to temporal dynamics, and may not fully capture complex
interactions among bibliometric and institutional variables.
Consequently, these methods have restricted predictive capability
and provide limited support for long-term strategic decision-
making.

Machine learning methods are increasingly used for the
analysis and forecasting of complex educational and institutional
performance systems. Regression models, ensemble learning
algorithms, and neural networks can capture nonlinear
dependencies and latent patterns in data, which makes them
suitable for ranking prediction and academic performance
forecasting [10, 12]. Machine learning has also been applied
to graduate education assessment and academic performance
classification tasks, which supports its broader use in higher
education analytics [8]. However, purely data-driven models
also have limitations. They may operate as black-box systems,
provide limited interpretability, and do not always correspond
to the accepted structure of ranking methodologies, where
transparency and explainability are important for institutional
decision-making.

To address this limitation, recent studies increasingly combine
predictive modeling with explainable artificial intelligence
techniques to improve the interpretability of machine learning
outputs [5]. SHAP-based interpretation is particularly useful
because it allows the contribution of individual features to model
predictions to be evaluated in terms of both magnitude
and direction [7, 11]. In the context of educational analytics
and decision-support systems, explainable machine learning
pipelines can improve the transparency of model outputs
and support more informed institutional decisions [1, 15].

This paper addresses these limitations by developing a hybrid
analytical-machine  learning  framework  for  evaluating
and forecasting university rankings. The proposed approach
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combines the interpretability of a weighted analytical ranking
model with the predictive capability of machine learning.
In particular, XGBoost is used to model nonlinear residual effects
between the analytical score and the observed normalized ranking
value, while the LSTM component is used to capture temporal
dependencies in institutional indicators.

The core contributions of this work may be summed up
in the following way. To begin with, a hybrid analytical
and machine learning model to assess university rankings
is created, which uses a weighted aggregation of indicators
with the correction of the residuals. Second, time-dependent-based
forecasting mechanism is proposed that predicts future ranking
positions. Third, explanation module is also integrated
in to examine the effect of each factor in ranking results. Lastly,
the presented framework is proved by real-world data, which
provides a better forecast and high applicability in practice
than traditional methods.

1. Materials and methods

The current research is aimed at creating and testing a hybrid
machine learning model to assess and predict university rankings
using multidimensional performance indicators. In contrast to
traditional methods, where analytical aggregation is used or only
data-driven models are applied, the suggested methodology
combines the two paradigms in a single computational framework.
The proposed framework is structured as a sequential and repro-
ducible analytical — machine learning pipeline. As shown
in Figure 1, the input data first pass through preprocessing
and normalization stages, after which a set of comparable
institutional performance indicators is formed. These indicators
are used in the analytical weighted aggregation model to calculate
the baseline ranking score. The difference between the observed
ranking score Ry(t) and the analytical score Ranaiytical(t)
is then treated as a residual component. This residual is modelled
by a machine learning algorithm in order to capture nonlinear
dependencies and hidden interactions that cannot be represented
by the analytical model alone. The predicted residual is added
to the analytical score to obtain the final hybrid ranking score.
In parallel, the temporal sequence of normalized indicators
is transferred to the forecasting module, which estimates future
ranking dynamics. Finally, the explainability module is used
to identify the relative contribution of each input indicator
to the final prediction.

Data Sources
rankings, reports, bibliometrics

!

Preprocessing
cleaning, normalization, feature construction

v v
- Residual ML
Analytical Module Correction
weighted aggregation —»  residual calculation
Ranaiytical(t) Random Forest / XGBoost
Apr(t)
I |
v
Hybrid Ranking Output

Rﬁnal(t) = Ranalytical(t) ot Z-ItTIL(t)

v v
. Explainability and
Forecasting Module Final Outputs
LST™M SHAP feature importance
future ranking trajectory current ranking evaluation
recasted ranking positiuns|

Fig. 1. Architecture of the proposed hybrid analytical-machine learning framework
for university ranking evaluation and forecasting
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The input data is a set of time-dependent indicators
that characterize university performance in the context of various
dimensions. The chosen characteristics are the output of publi-
cations, the impact of citation, h-index, metrics of international
collaboration, and research funding indicators [19]. The data were
collected from publicly available university ranking tables,
including IAAR/NAAR national ranking data and QS regional
ranking data, as well as bibliometric databases and institutional
reports [16].

Figure 2 presents the complete data processing and model
validation workflow used in the study. The pipeline includes data
collection, missing value processing, outlier filtering, norma-
lization, feature matrix construction, data partitioning into training
and testing subsets, model fitting, residual correction, forecasting,
and final evaluation using RMSE, MAE, MAPE, and ranking
error. This structure was introduced to make the experimental
procedure reproducible and to clearly separate the analytical
scoring stage from the machine learning training, validation,
and interpretation stages.
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{Input Data Sources |
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Institutional reports
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Feature Matrix Construction’ Interpretation and
Module Final Outputs Unit
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Fig. 2. Data processing, model validation, and output interpretation workflow

The empirical dataset was constructed as a university-year
panel containing multidimensional performance indicators used
for ranking evaluation and forecasting. The unit of observation
was a university in a specific year. The dataset covered
20 Kazakhstani universities over the 2019-2024 observation
period, resulting in 120 university-year records. The institutional
performance records were collected from publicly available
ranking tables, including IAAR/NAAR national university ranking
data and QS regional ranking data, as well as bibliometric
databases and institutional reports. To ensure temporal
consistency, only observations for which the ranking position
and the selected explanatory indicators were available
for the same reporting period were retained. The final dataset
was organized by year, where each row represented one
university-year record and each column represented a ranking-
related performance indicator.

The structure of the dataset included the following groups
of variables: publication output, citation impact, h-index,
international collaboration, and research funding. These indicators
were selected because they represent the main dimensions
commonly used in university ranking and research performance
assessment: research productivity, scientific influence, cumulative
academic impact, international visibility, and institutional research
capacity. The target variable was the normalized university
ranking position. Since ranking positions are ordinal values
in which lower numerical ranks indicate better institutional
performance, the original ranking positions were transformed into
a normalized score so that higher values corresponded to better
performance. The analytical module used the normalized
indicators to calculate the baseline score, while the machine
learning module used the same feature matrix to estimate
the residual error between the observed normalized ranking value
and the analytical score.

The 20 universities were selected according to the availability
of complete or sufficiently consistent ranking and bibliometric
records over the 2019-2024 period. Institutions with missing
target values for several consecutive years or without comparable
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bibliometric indicators were excluded from the final dataset.
Before model training, the dataset was checked for missing values,
duplicated records, inconsistent temporal entries, and extreme
outliers. Missing values were processed using indicator-specific
imputation when the proportion of missing values was limited;
records with insufficient information for the target variable or key
predictors were excluded from the final sample. Outliers were
analysed to distinguish reporting errors from legitimate high-
performance institutional cases. All numerical variables
were normalized to a comparable scale before being used
in the analytical and machine learning models. The dataset
was then divided into training and testing subsets according
to the temporal structure of the observations, which allowed
the forecasting module to be evaluated on later time periods
rather than on randomly mixed records.

To ensure reproducibility of the preprocessing stage,
the normalization procedure was specified explicitly. Since
the selected indicators were measured in different units
and ranges, min—max normalization was applied to all numerical
explanatory variables. For benefit-type indicators, where larger
values indicate better institutional performance, the normalized
value was calculated as:

min
Xinorm (t) — Xi (t)_ Xi .
Ximax _ Ximlﬂ
where X;(t) is the original value of the i-th indicator for a given
university-year observation; X" and X;"™ — denote the minimum
and maximum values of the same indicator estimated from
the training subset.
This transformation maps all explanatory indicators
to the [0, 1] interval and preserves their relative differences.
Since the ranking position is an ordinal variable in which
a lower numerical rank corresponds to better institutional perfor-
mance, the target variable was transformed using an inverse
min-max normalization:
Rmax _ R(t)

Rnorm (t) — W (2)

where R(t) is the original ranking position; R™" and R™ — the best
and worst observed ranking positions in the training subset.

()

Table 1. Dataset structure used for model development and validation
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As a result, higher normalized values correspond to better
ranking performance, which makes the target variable consistent
with the direction of the normalized explanatory indicators.

The normalization parameters were estimated only from
the training period and then applied unchanged to the validation
and independent test subsets. Therefore, normalization was
not performed separately for each year or separately for each
temporal subset. This global training-based normalization strategy
was used to avoid information leakage from the validation
and test periods and to ensure that all model comparisons were
conducted under identical preprocessing conditions. The main
characteristics of the dataset, preprocessing operations, temporal
split, and evaluation metrics are summarized in Table 1.

After normalization, the indicators were temporally aligned
to form a multivariate university-year panel suitable for both
ranking evaluation and forecasting tasks, which is consistent
with previous machine-learning-based approaches to university
ranking prediction [18].

The baseline evaluation of university performance
is performed using an analytical weighted aggregation model
defined as:

Ranalytical (t) = ia)i X (t)1 Zn:all =1, w2 0 ®3)

where Ranayical(t) denotes the analytical ranking score at time ft;
xi(t) — the normalized value of the i-th performance indicator;
w; — denotes its corresponding fixed normalized weight; n — the
number of indicators included in the aggregation model.

The weights satisfy the normalization  condition

n

Za)i:l, @ 20, which ensures that the analytical score
i=1

is formed as a weighted combination of comparable normalized
indicators.

The weights w; in the analytical aggregation model were
treated as fixed coefficients rather than trainable parameters.
This choice was made to preserve the interpretability
of the baseline ranking component and to separate the transparent
analytical scoring stage from the machine learning-based residual
correction stage.

Dataset characteristic

Description

Unit of observation University-year record

Data sources institutional reports

Public ranking tables, IAAR/NAAR national university ranking data, QS regional ranking data, bibliometric databases, and

Observation period 2019-2024

Number of universities 20 Kazakhstani universities

Number of observations | 120 university-year records

Target variable Normalized ranking position

Input indicators

Publication output, citation impact, h-index, international collaboration, research funding

Preprocessing operations positions, temporal alignment

Missing value handling, duplicate removal, outlier filtering, min—max normalization, inverse normalization of ranking

Data split

Temporal split: 2019-2022 for training, 2023 for validation, 2024 for testing

Evaluation metrics

RMSE, MAE, MAPE, ranking error

The weights were assigned according to the conceptual
structure of widely used university ranking methodologies,
in which research productivity, citation impact, international
visibility, and research funding are typically considered the main
dimensions of institutional performance [3, 4]. To reduce
the subjectivity of the weighting procedure, all weights were

n
normalized so that Za)i =1. In the experimental configuration,

i=1
citation impact and publication output were assigned the largest
weights, while h-index, international collaboration, and research
funding were used as complementary indicators reflecting
research quality, internationalization, and institutional capacity.
The adopted weighting scheme is presented in Table 2.
In addition, a sensitivity analysis was performed by varying
each analytical weight within a +10% interval while preserving
the normalization constraint. In each scenario, one weight
was increased or decreased relative to its baseline value,
while the remaining weights were proportionally rescaled so that

the total sum of weights remained equal to one. The hybrid model
was then re-evaluated using the same temporal validation protocol
and the same performance metrics.

This analytical model provides an interpretable estimation
of ranking score; however, it does not account for nonlinear
relationships and hidden dependencies between indicators
[16, 17].

Table 2. Weighting scheme used in the analytical ranking model

Indicator Symbol | Weight Rationale
Publication output X1 0.25 Reflects research productivity
Citation impact %o 0.30 Reflects scientific mf!uence and
research quality
h-index s 015 Captures cumulative research
performance
International 0.15 Reflects global visibility and
collaboration X ' cooperation
Research funding X5 015 Reflects mstltutlpnal research
capacity
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To overcome the limitations of the analytical model,
a machine learning-based correction mechanism is introduced.
The model is trained to estimate the residual error between
the analytical score and the actual observed ranking:

AML (t) = Rtrue (t) - Ranalytical (t) (4)
The machine learning model is trained to approximate this
residual component and produces the predicted residual Ay (t).
The final ranking score is then obtained as:

Rfinal (t) = Ranalyﬂcal (t)+AML (t) (5)

Ensemble learning methods, including Random Forest
and XGBoost, were employed to model the residual component
due to their ability to capture nonlinear interactions and complex
dependencies in multidimensional data [2].

In the comparative experiments, the standalone machine
learning baseline was implemented as an XGBoost regressor
trained directly to predict the normalized ranking position from
the selected indicators. The hybrid model used the same XGBoost
algorithm not as a direct predictor of the ranking score,
but as a residual correction model estimating the difference
between the observed normalized ranking value and the analytical
score. Random Forest was additionally tested during preliminary
model selection, while XGBoost was retained for the final
comparison because it provided lower validation error. The LSTM
network was used separately in the forecasting module to model
temporal dependencies in the sequence of institutional indicators.

To predict future ranking dynamics, a forecasting model
was applied to the temporal sequence of performance indicators.
The prediction task is formulated as:

R(t+1)=f (X (t),X (t-1),... X (t-k)) (6)

where k represents the length of the historical observation
window. To obtain temporal dependencies and long-range
correlations of the data, Long Short-Term Memory (LSTM)
networks were employed [6]. The forecasting module allows
forecasting of successive ranking positions using historical trend
of the university performance indicators. As a measure
to guarantee the interpretability of the proposed framework,
the feature importance analysis was done through SHAP (SHapley
Additive exPlanations) [11]. The method gives numerical
approximations of the value each input feature contributes
to the predicted ranking score, allowing determination
of the factors that have significant effects on performance
of universities [14]. The framework that was proposed was tested
in terms of efficiency through the comparison of three approaches,
analytical model, standalone machine learning model,
and the proposed hybrid model.

The accuracy of predictions was evaluated by conventional
regression measures, such as Root Mean Square Error (RMSE),
Mean Absolute Error (MAE), and Mean Absolute Percentage
Error (MAPE). Also, consistency ranking was measured
on the basis of the difference between the predicted
and the actual ranking position.

All models were written in Python and data manipulation
was done in pandas and NumPy, machine learning models
in scikit-learn and XGBoost, and deep learning models
in TensorFlow.

2. Research results

In particular, three approaches were compared: the analytical
weighted aggregation model, the standalone XGBoost regression
model, and the proposed hybrid model combining analytical
weighted aggregation with XGBoost-based residual correction.
The LSTM component was used in the forecasting stage
to evaluate future normalized ranking values on the independent
test subset.

All models were trained and assessed on the identical dataset
and preprocessing pipeline to make a fair comparison.
The outcomes are given in the form of prediction accuracy
measures and ranking consistency, but the special consideration
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is given to the capability of the hybrid model to decrease the error
in estimation and enhance robustness.

To improve the credibility of the experimental evaluation,
the models were assessed using a temporal validation protocol
rather than a random split. The observations from 2019-2022
were used for model training, the 2023 observations were used
for validation and parameter adjustment, and the 2024
observations were used as the independent test subset. This design
was selected to evaluate the ability of the models to generalize
to later ranking periods. In addition to average error metrics,
the distribution of prediction errors was analysed to verify whether
the improvement of the hybrid model was stable across
institutions rather than caused by a small number of individual
cases.
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Fig. 3. Correspondence between actual and predicted normalized ranking scores
for analytical, standalone machine learning, and hybrid models on the independent
test subset

Figure 3 compares the predicted and actual normalized
ranking scores obtained on the independent test subset.
The analytical model shows a wider dispersion around
the ideal prediction line, indicating that the weighted aggregation
scheme does not fully capture nonlinear relationships between
institutional indicators. The standalone machine learning model
reduces part of this dispersion, but several observations still
deviate from the ideal line, which may be related to noise
in ranking data and the limited size of the university-year panel.
The hybrid model demonstrates a more compact distribution
of predictions around the ideal line; however, the predictions
are not error-free and still contain visible deviations for several
institutions. This confirms that the improvement is empirical
rather than artificially perfect and that the model should
be interpreted as reducing, not eliminating, prediction error.

0.20
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0.05
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Analytical Machine Learning Hybrid

Fig. 4. Distribution of absolute prediction errors for analytical, standalone machine
learning, and hybrid models

Figure 4 shows the distribution of prediction errors
for the tested models. The analytical model demonstrates a wider
error distribution, indicating that the weighted aggregation
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approach does not fully capture nonlinear relationships between
the selected indicators. The standalone machine learning model
reduces the overall spread of errors, although visible variance
remains. The hybrid model shows a narrower error distribution
with a stronger concentration around zero; however, residual
errors are still present. This confirms that residual learning reduces
prediction error under the applied validation protocol, but does
not eliminate uncertainty in ranking estimation. Table 3 gives
a quantitative comparison of the model performance.

Table 3. Quantitative comparison of prediction accuracy for the analytical model,
standalone XGBoost model, and hybrid XGBoost residual-correction model
on the independent test subset

Model RMSE | MAE | MAPE (%) | Ranking error
Analytical model 0.185 0.142 12.6 4.8
Standalone ML model 0.124 0.098 8.3 3.2
Hybrid model 0.092 0.071 5.4 2.1

According to Table 3, the hybrid model reduced RMSE
from 0.185 to 0.092 compared with the analytical model
and from 0.124 to 0.092 compared with the standalone ML model.
The same tendency was observed for MAE, MAPE, and ranking
error, although the remaining deviations in Figures 3-5 show
that the model does not provide error-free prediction.

To quantitatively verify the robustness of the analytical
weighting scheme, an additional sensitivity  analysis
was conducted. Each analytical weight was varied by +10%
relative to its baseline value, while the remaining weights
were proportionally rescaled to preserve the normalization
constraint. For each scenario, the hybrid model was re-evaluated
on the independent test subset using the same temporal validation
protocol. The results of the sensitivity analysis are presented
in Table 4.

Table 4. Sensitivity analysis of analytical weights under +10% variation

Scenario RMSE | MAE M(';F))E Ranking error
Baseline weighting scheme 0.092 0.071 5.4 2.1
Publication output +10% 0.095 | 0.073 5.6 2.2
Publication output —10% 0.096 | 0.074 5.7 2.3
Citation impact +10% 0.094 | 0.072 5.5 2.2
Citation impact —10% 0.097 | 0.075 5.8 2.3
h-index +10% 0.096 | 0.074 5.7 2.3
h-index —10% 0.098 0.076 5.9 2.4
International collaboration +10% | 0.097 | 0.075 5.8 2.3
International collaboration —10% 0.099 0.077 6.0 2.4
Research funding +10% 0.096 | 0.074 5.7 2.3
Research funding —10% 0.098 0.076 5.9 2.4

As shown in Table 4, moderate variations in individual
analytical weights did not substantially change the predictive
performance of the hybrid model. Across all tested scenarios,
RMSE remained within the interval from 0.094 to 0.099, MAE
varied from 0.072 to 0.077, MAPE remained between 5.5%
and 6.0%, and the ranking error varied from 2.2 to 2.4 positions.
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These deviations are small compared with the difference between
the hybrid model and the analytical baseline reported in Table 3.
Therefore, the sensitivity analysis confirms that the advantage
of the proposed hybrid framework is not determined solely
by the selected weighting scheme, but is also associated with
the residual correction mechanism.

Although the hybrid model achieved the lowest average error
values, the results do not indicate error-free prediction.
The remaining deviations reflect the limited size of the dataset,
annual fluctuations in ranking methodologies, and the influence
of factors not fully captured by the selected indicators. Therefore,
the reported improvement should be interpreted as a reduction
of prediction error under the applied validation protocol rather
than as universal superiority of the model across all possible
ranking systems.

Fig. 5 presents the comparison between the actual
and forecasted normalized ranking values on the independent
test subset. The analytical model follows the general pattern
of the observed ranking values but shows visible deviations,
which reflects its limited ability to capture nonlinear dependencies
and temporal effects. The standalone machine learning model
provides a closer approximation for several observations, although
noticeable local errors remain. The hybrid model demonstrates
the closest overall correspondence to the actual values; however,
visible deviations are still present, indicating that the forecasting
results are improved but not error-free. These discrepancies
may be associated with the limited size of the dataset, annual
fluctuations in ranking methodologies, and institutional factors
that are not fully represented by the selected indicators.

SHAP values were computed for the residual machine
learning component of the hybrid model in order to interpret how
individual indicators contributed to the final prediction. Unlike
conventional feature-importance scores, SHAP values indicate
both the magnitude and the direction of each feature contribution
relative to the model baseline. Therefore, positive SHAP values
increase the predicted normalized ranking score, whereas negative
SHAP values decrease it. Figure 6 presents the SHAP summary
plot, where each point corresponds to an individual university-
year observation and the horizontal axis shows the SHAP
contribution of a feature to the prediction.

The results show that citation impact and publication output
have the largest overall influence on the model output,
as indicated by the wider dispersion of their SHAP values.
However, their contributions are not uniformly positive: for some
observations, these indicators increase the predicted ranking
score, while for others their contribution is negative depending
on the relative value of the feature and its interaction with other
indicators. The h-index, international collaboration, and research
funding indicators demonstrate more moderate but still observable
positive and negative effects. This pattern confirms that
the explainability analysis reflects heterogeneous feature contri-
butions rather than artificially positive importance values.
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Fig. 5. Comparison of actual and forecasted normalized ranking values for analytical, standalone machine learning, and hybrid models on the independent test subset



p-ISSN 2083-0157, e-ISSN 2391-6761

S
Citation impact sz ﬁr 3:' &"t ';' =?§
Publication output
h-index

International collaboration

Research funding

Fig. 6. SHAP summary plot showing positive and negative feature contributions to the hybrid model predictions

3. Conclusions

IAPGOS 3/2026 215
- High
Baty o,
o o -wa@“ﬁ y %‘f.{,. .se
3
g
e
2
&
r T t T T - Low
-1.0 -0.5 0.0 0.5 1.0
SHAP value
depend on reputation surveys, teaching quality, graduate
employability, international staff ratios, and methodological

This paper introduced a hybrid analytical-machine learning
framework for evaluating and forecasting university rankings
using multidimensional performance indicators. The proposed
approach combines an interpretable weighted aggregation model,
a machine learning — based residual correction mechanism,
and a temporal forecasting module. The experimental results
provide empirical evidence that the proposed framework
can reduce prediction error under the applied temporal validation
protocol.

The experimental evaluation showed that the hybrid model
achieved lower average prediction errors than the analytical
and standalone machine learning baselines on the independent
test subset. According to the applied metrics, the hybrid
framework reduced RMSE from 0.185 to 0.092 compared
with the analytical model and from 0.124 to 0.092 compared
with the standalone ML model. Similar improvements were
observed for MAE, MAPE, and ranking error. The additional
sensitivity analysis of analytical weights showed that moderate
+10% variations in individual weights did not substantially
affect the performance of the hybrid model, which supports
the robustness of the proposed framework under reasonable
changes in the weighting scheme. However, the results should
not be interpreted as error-free prediction or universal superiority
of the proposed method. The remaining deviations observed
in the prediction plots indicate that ranking dynamics are affected
by factors that are not fully captured by the selected
indicators, including annual fluctuations in  ranking
methodologies and institution-specific changes.

The SHAP-based interpretation showed that citation impact
and publication output had the widest distribution of feature
contributions and therefore the strongest overall influence
on model predictions. At the same time, the SHAP summary
plot demonstrated both positive and negative contributions,
which indicates that the effect of each indicator depends
on the specific observation and its interaction with other variables.
This supports the use of the hybrid framework not only
as a predictive tool, but also as an interpretable analytical
instrument for identifying major ranking drivers.

The study has several limitations. First, the dataset was limited
to 20 Kazakhstani universities observed over the 2019-2024
period, which restricts the generalizability of the results to other
national or international ranking systems. Second, the model used
a limited set of indicators, while university rankings may also

changes in ranking systems. Third, the forecasting results were
evaluated on a limited independent test period. Future research
should expand the dataset, include additional ranking systems,
compare alternative forecasting models, and evaluate the stability
of the framework across different countries and longer observation
periods.
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